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Abstract
This study empiricallytests the relative importance that U.S. consumers place on
immediate and long-term food and non-food risks. We use a best–worst survey
method to elicit relative rankings and weights for each risk in terms of its perceived cost and likelihood. Immediate food risks are perceived to be more costly
but less likely than long-term food risks. Immediate non-food risks are perceived
to be both more costly and likely than long-term non-food risks. Overall, food
risks are perceived to be less expensive than non-food risks. The combination of
perceived cost and likelihood is used to define a measure of relative risk value.
Immediate food, immediate non-food, and long-term non-food risks generally
have greater relative risk values than long-term food risks. On average, individuals overperceive the likelihoods, costs, and risk values of both food and nonfood risks relative to actuarial data. These results are consistent across different
parametric and non-parametric estimation methods. The results have important
implications for insurance rate setting, food and non-food risk interventions, and
public health campaigns.
KEYWORDS

best-worst scaling, perceived cost, perceived likelihood, risk preference, risk valuation
J E L C L A S S I F I C AT I O N

C14, C83, D12, D81, D84

1

INTRODUCTION

Businesses seek to understand how consumers perceive
different kinds of risk to improve corporate responsibility
and to effectively address consumer reactions after public safety incidents. In 2015, for example, Chipotle’s E. coli
outbreak spanning 11 U.S. states eventually led to companywide safety training and the “Food with Integrity”
motto (Berfield, 2015; Williams, 2015). Likewise, General
Motors initiated a “Safety First” social media campaign in
2014 after recalling 30 million cars worldwide and paying

compensation for 124 deaths resulting from faulty ignition
switches (Goel, 2014; LaReau, 2019). Both safety issues led
to company stock devaluation, legal repercussions, loss of
consumer confidence, and a renewed focus on a safer consumer experience.
Individuals engage in a variety of activities to reduce
the likelihood of accidents and their costs. For example,
some individuals purchase property insurance to reduce
the cost of repairing their homes in the event of a house
fire. Others pay premiums for organic foods to reduce
the perceived likelihood of unwanted contamination or
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pesticide exposure. Considering how individuals seeking
to modify or change risk outcomes perceive that risk
is important because risk behavior is inherently linked
to consumer characteristics and thus, consumer demand
(Lin et al., 1991). Although it is often impossible to completely separate risk from its context (Sjöberg, 2000), recent
work suggests that consumers perceive competing risk categories differently (Erdem & Rigby, 2013) and that risks
(such as food and non-food risks) should be evaluated and
interpreted relative to each other.
The first objective of our study is to determine how U.S.
consumers weigh and rank the cost and likelihood of food
and non-food risks. We accomplish this by developing a
conceptual model based on extensions to expected utility
theory. The model assumes that consumers rank alternative risky outcomes depending on the perceived costs and
probabilities associated with them. This allows risky outcomes to be assessed and ranked based on consumer perception and relative to each other. It also allows food and
non-food risks to be evaluated, ranked, and weighted both
within and between aggregate risk groups. We also examine how the length of impact, immediate vs. long-term,
affects these rankings. Our review of the literature suggests
that this study is the first to examine differences in perceived cost, likelihood, and value of food and non-food risk
outcomes relative to each other conditional on the length
of risk impact.
A sound rating (ranking) scale is required to empirically test our conceptual model. Among the available rating scales (Aiken, 1996; Krosnick & Fabrigar, 1997), we
apply the object-case type of Best-Worst Scaling (BWS).1
The BWS framework is grounded in random utility theory
and has been used to study consumer preferences and perceptions (Flynn, 2010; Louviere & Flynn, 2010). Although
the BWS approach has been employed to study consumers’
food attribute preferences (Erdem & Rigby, 2013; Lusk &
Briggeman, 2009), this study extends the BWS approach
by examining the relative importance consumers assign to
the likelihood and cost of risk outcomes. We do so by asking a representative sample of U.S. consumers to choose
the risks, among a subset of food and non-food risks, that
they perceive are the most and least costly or the most and
least likely to occur. This approach follows the approach
taken by Erdem and Rigby (2013), who measured the perceptions and concerns of U.K. rural (e.g., farm) and urban
residents about food and non-food risks.
The second objective of this study is to measure the
similarities and differences between parametric and nonparametric estimation methods. The relative weights and
ranks of each food and non-food risk in terms of both cost
and likelihood are estimated using both parametric and
non-parametric methods. The mixed logit model (MIXL)
is the preferred parametric model for such tasks and is
frequently used to capture heterogeneity across respon-
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dents for a particular risk outcome and among different
risk outcomes (i.e., how [dis]similar individuals view risk
outcomes). One disadvantage of using MIXL is the distributional assumption and potential difficulty in the estimation of weights and ranks. A non-parametric alternative is
the “most–least scaling” method based on BWS (Cohen,
2009), which identifies how frequently a risk was chosen as
the most likely/costly and least likely/costly. We find that
the parametric and nonparametric methods yield nearly
identical weightings and rankings. In a comparison of food
and non-food risks, immediate food risks are perceived as
more costly and less likely than long-term food risks, and
immediate non-food risks are perceived as more costly and
more likely than long-term non-food risks. In comparing
risk categories, risks with immediate impact (for both food
and non-food risks) are perceived to be more likely and
more costly than risks with long-term impacts.
The third objective of this study is to measure how
closely consumers’ weighting and ranking of food and nonfood risks align with observed actuarial data. Although
many studies have compared food and non-food risks (e.g.,
Erdem & Rigby, 2013), we make a significant contribution to the literature by comparing our results to actuarial data. The BWS survey did not provide extensive information about the risk categories examined but did elicit
individual subjective perceptions of risk probabilities. In
the absence of extensive knowledge, individuals rely on
subjective probabilistic judgments, which may not accurately reflect perceived realities (Viscusi, 1985). We examine how perceptions of cost, likelihood, and value align
with observed cost and likelihood outcomes for a subset of our selected food and non-food risks. We find that
individuals’ cost and risk likelihood perceptions generally do not accurately align with actuarial data on the
cost and occurrence of the risks examined. Specifically, on
average, individuals overperceive the likelihood, cost, and
value of both food and non-food risks. Perceptions regarding a particular outcome are often distorted (e.g., Hayes
et al., 1995), and subjective probabilities influence consumption behavior (e.g., Cerroni et al., 2019; Lusk et al.,
2014; Teisl & Roe, 2010). This result may explain why
the costs, likelihoods, and expected values of food and
non-food risks can differ from actual risk costs and likelihoods, influencing decision-making and consumption
habits.
The remainder of this paper is organized as follows. In
Section 2, we derive a conceptual model of how individuals
perceive and rank risky outcomes. Section 3 describes the
study’s survey and data collection, and Section 4 describes
the parametric and non-parametric methods used to analyze the collected data. The results from both methods,
along with their implications for immediate and long-term
food and non-food risks, are discussed in Section 5. Finally,
Section 6 concludes the paper.
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CONCEPTUAL MODEL

Numerous studies have attempted to quantify consumer
perceptions of food risks (e.g., Alfnes et al., 2008; FifeSchaw & Rowe, 1996; Hilverda & Kuttschreuter, 2018;
Lusk & Coble, 2005; Sparks & Shepherd, 1994; Tonsor
et al., 2009a; Wilcock et al., 2004) and non-food risks (e.g.,
Forsythe & Shi, 2003; Lai & Tao, 2003) in a variety of geographic locations (e.g., Hohl & Gaskell, 2008; Tonsor et al.,
2009b; Unnevehr, 2007). Some studies have directly compared consumer perceptions across food and non-food risk
categories (e.g., Marris et al., 1998; Siegrist et al., 2005;
Erdem & Rigby, 2013; Sullivan-Wiley & Short Gianotti,
2017; Hartmann et al., 2018).
This study’s conceptual framework is based on how
consumer n would rank or order a set of risk outcomes,
i = 1,. . . , J, he/she may encounter considering the individual’s perceptions of the likelihood of each risk outcome’s
occurrence and the perceived impact of the risk outcome
on the individual. A risk outcome is defined as the occurrence of a risky event (e.g., being infected with botulism)
for consumer n.
Assume that consumer n maximizes expected utility
when considering risk outcome i, which is represented
𝐸
, where E designates expected utility. Assume that
by 𝑈𝑛𝑖
the expected utility function is concave and twice differentiable. In addition, assume that each risk outcome has
an associated vector of attributes, 𝑿𝑛𝑖 (i.e., cost and likelihood), describing that risk outcome. Following an extension of expected utility theory, assume that the perceived
likelihood of occurrence for risk outcome i is subjective
and relative. For example, a consumer may be pessimistic
and believe that unfavorable outcomes or events tend to
occur more often (Diecidue & Wakker, 2001). Thus, we
assume that consumers do not know the exact probability of a risk outcome occurring or its direct cost but evaluate, rank, and order each risk outcome relative to other risk
outcomes. Furthermore, we assume that the risk assessment of cost is also subjective. Thus, consumer n’s subjective evaluation of the likelihood of occurrence or cost of a
risk outcome is dependent on 𝑿𝑛𝑖 .
Assuming that the underlying attributes of each risk outcome are known and observed by consumer 𝑛, let the subjective relative ranking of risk outcome i for consumer n be
given by 𝑅𝑛𝑖 = 𝑅𝑛𝑖 (𝑿𝑛𝑖 ). It is assumed that larger values of
𝑅𝑛𝑖 indicate greater perceived levels of relative risk measured as the likelihood of occurrence, cost, or a combination of both (which we denote as “risk value”). Assume for
consumer 𝑛 that the expected utility for risk outcome i is
monotonically decreasing in 𝑅𝑛𝑖 ; that is, riskier outcomes
decrease expected utility, which helps maintain assumptions of stochastic dominance in expected utility theory
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(Diecidue & Wakker, 2001; Weber & Milliman, 1997). Then,
for two risk outcomes i and j, if consumer 𝑛 perceives outcome i to be preferred relative to outcome j (i.e., 𝑅𝑛𝑖 ≤ 𝑅𝑛𝑗 ),
then
(
(
)
)
𝐸
𝐸
𝑅𝑛𝑗 𝑿𝑛𝑗 , 𝒁𝑛
𝑈𝑛𝑖
(𝑅𝑛𝑖 (𝑿𝑛𝑖 ) , 𝒁𝑛 ) ≥ 𝑈𝑛𝑗

(1)

where Zn is a vector of individual-specific factors affecting the shape of the consumer’s expected utility function
(Chavas, 2004). Equation (1) provides a basis for ranking
or ordering risks based on the subjective risk evaluations
given by 𝑅𝑛𝑖 for i = 1,.., J.
Considering all the risk outcomes consumer n faces,
he/she will prefer risk outcome i from among the set of
possible risk outcomes if
𝑬
𝑼𝒏𝒊
(𝑹𝒏𝒊 (𝑿𝒏𝒊 ) , 𝒁𝒏 )
{
(
(
)
) }
𝑬
𝑬
𝑹𝒏𝒋 𝑿𝒏𝒋 , 𝒁𝒏 ,
𝑼𝒏1
(𝑹𝒏1 (𝑿𝒏1 ) , 𝒁𝒏 ) , … , 𝑼𝒏𝒋
(2)
= 𝒎𝒂𝒙
𝑬
… , 𝑼𝒏𝑱
(𝑹𝒏𝑱 (𝑿𝒏𝑱 ) , 𝒁𝒏 )

which is an ex-ante decision (Eom, 1994). Consumer 𝑛
ranks risk outcomes according to Equation (1) and then
maximizes expected utility over a certain set of risk alternatives by choosing the alternative subjectively perceived
to be the least risky (Weber & Milliman, 1997).

3
SURVEY DESIGN AND DATA
COLLECTION
3.1

Survey design

We collected data examining how consumers rank or order
risk outcomes (or occurrences) and the relative importance
assigned to each risk using a BWS survey that determined
U.S. consumers’ relative rankings of the cost and likelihood of specific food and non-food risks. The BWS framework has been used to study consumer preferences for and
perceptions of various products in a variety of industries
(Bazzani et al., 2018; Cheung et al., 2016; Erdem & Rigby,
2013; Erdem et al., 2012; Louviere & Flynn, 2010; Cohen,
2009; Jaeger et al., 2008; Lusk & Briggeman, 2009; Wolf &
Tonsor, 2013), for several health-related issues (e.g., Marti
et al., 2012; Howell et al., 2016) and risky decision-making
situations (e.g., Diecidue & Wakker, 2001; Erdem & Rigby,
2013). The framework displays a choice set with a subset of
alternatives and asks individuals to select the “best” and
“worst” alternatives (Jaeger et al., 2008; Louviere et al.,
2015).2 A full ranking of alternatives can be achieved by
providing different choice sets and varying the subset of
available alternatives.
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The traditional labels “best” and “worst” are not applicable in this study because all risks are perceived as inherently negative. Instead, we relabeled “best” and “worst”
as “least” and “most.” In the subsequent discussion, we
will keep using “best” and “worst” because readers are
more familiar with these terms. We are interested in the
perceived likelihood and cost of various food and nonfood risks. The master blocks for likelihood and cost were
designed to identify main and first-order interaction effects
using an orthogonal balanced incomplete block experimental design. This design is superior to other commonly
used designs because it tends to be more reliable, accurately captures extreme options, and reduces the burden
on respondents imposed by excessive questions (Louviere
et al., 2015). Each master block had a 99% block design
efficiency, where the positional frequency was optimized
using 20 sub-blocks, with each sub-block containing eight
choice sets. This design allowed each risk to be viewed
multiple times within each sub-block, reducing context
and order effects.

3.2

Food and non-food risks

Appropriately selecting the risks appearing in each choice
set is important because the conceptual and survey framework relies on a comparison between risks. One of the
objectives of this study was to measure differences between
food and non-food risks. Thus, a comprehensive list of the
food and non-food risks with which consumers may be
familiar and that vary in their likely impact on human
health was compiled. To compile the list, we relied upon
academic studies (e.g., Erdem & Rigby, 2013), a review
of the hazards listed on the Centers for Disease Control
(CDC) website, personal interviews with food safety professionals, and a review of media coverage of food and
non-food safety issues. This list was used as the basis for
a refined selection of 16 risks (eight food and eight nonfood), which are described in detail here. Each risk was categorized as having either an “immediate” or “long-term”
potential impact on well-being. This categorization placed
each risk in one of four broad categories: immediate food
risks, long-term food risks, immediate non-food risks, and
long-term non-food risks.
Four risks from each category were selected, producing a total of 16: eight food and eight non-food. Some of
the selected risks encompassed both food and non-food
risks. For example, germs and diabetes comprise food as
well as non-food risks. We classified diabetes and germs
though as food-based risks for this study. The final selection was based on the saliency of each risk to ensure that
survey respondents could differentiate and rank risks. Risk
saliency was used as the final selection criterion because

a lack of saliency impacts an individual’s ability to assess
and compare the likelihood and cost between alternatives
(Bordalo et al., 2012). Table 1 displays the food and nonfood risks selected for each subcategory.

3.3

Sample

A BWS survey assessing U.S. consumer perceptions of the
cost and likelihood of food and non-food risks was developed, pretested, and delivered online to a nationally representative random sample of U.S. consumers obtained from
Survey Sampling International’s (SSI)3 database. Survey
participants who completed the survey were given a small
monetary compensation ($4 per survey). Individuals who
did not “opt-in” to the survey or who exited before completion received no monetary compensation.
Demographic information was collected at the end of
the survey to ensure that the survey respondents were representative of U.S. consumers. Table 2 compares the survey respondents’ demographic data to 2010 census values
(U.S. Census, 2011). The survey respondents were slightly
more educated (around 8% higher), included more females
(around 5% more), were older (around four years older),
and were more likely to be single (around 3% more). Other
demographic characteristics of the sample were closely
aligned with the 2010 U.S. census. In total, 2696 individuals entered the survey, and 2065 completed it, of whom 1575
correctly answered the questions used to capture inattention during survey completion (as later described in Section 3.5). Thus, 1575 responses were included in the analysis: 792 for the “likelihood” survey and 782 for the “cost”
survey. Figure 1 provides an example of one of the best–
worst questions used in the study.

3.4

Cost and likelihood of risks

Individuals were asked a series of questions regarding their
food consumption and buying habits, knowledge of and
trust in food safety information, demographics, and preexisting health conditions. Before being randomly selected
to either the likelihood or cost master block components
of the survey, individuals were shown a “cheap talk” script
designed to reduce individual perception bias. Cheap talk
scripts have been shown to reduce cognitive bias in hypothetical choice experiments (Penn & Hu, 2019). The cheap
talk script asked participants to rank risks in a manner that
reflected their true perceptions.4 Then, individuals were
randomly assigned to either the likelihood or cost master
block and then randomly assigned to one of 20 sub-blocks,
where they answered eight BWS choice sets, each consisting of a subset of five randomly ordered risks.

AJEWOLE et al.
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Food and non-food risks used in the survey

Risk

Definition

Food
Immediate Impact
Botulism

Botulism from improper food packaging

E. coli

Food poisoning from E. coli

Food allergy

Food allergy

Germs

Contact with germs

Salmonella

Food poisoning from Salmonella

Long-term Impact
Antibiotic residue

Antibiotic residue in meat

GMO

Genetically engineered food

Preservatives

Food containing artificial preservatives

Non-food
Immediate Impact
Auto accident

Getting in a car accident

Fire at home

Fire at home

Identity theft

Getting identity stolen

Phone lost

Phone with important information lost

Long-term Impact
Diabetes

Developing type 2 diabetes from lifestyle choices

Lead poisoning

Getting sick from lead poisoning

Mental illness

Diagnosed with mental illness

Toxic air pollution

Getting sick from air pollution

Notes: Risks were selected to be both broad and encompass common and rare food and non-food risks that have immediate and long-term impacts. These risks
were chosen from a larger group of lists. They were classified according to the authors’ and experts’ best knowledge. .

TA B L E 2

Demographics of Survey Participants

Variable

Likelihood N = 792

Cost N = 782

US Census Data

Individual Characteristics
Age (years)

44

(17)a

44

(17)

38

Male (%)

40

(49)

39

(40)

49

Married (%)

52

(50)

51

(50)

55

Obtained college degree (%)

40

(49)

42

(49)

33

Household income ($)

62,765

(41,772)

61,726

(39,464)

57,617

U.S. Census Regions
Resides in Northeast

18

(38)

20

(39)

17.50

Resides in West

22

(41)

24

(43)

23.70

Resides in Midwest

20

(40)

22

(41)

21.10

Resides in South

39

(49)

35

(48)

37.70

Inattention
Completed Survey

a

1039

1025

Fail Trap Question

247

243

Usable Sample

792

782

Standard deviation in parentheses.
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FIGURE 1

3.5

Example of most–least scaling choice set used in survey

Participant inattention

Participant inattention has been the subject of much
research (DeSimone et al., 2015; Curran, 2016). Failing
to account for inattentive respondents can lead to significant violations of axioms of revealed preferences and
reduce estimation reliability (Jones et al., 2015; Gao et al.,
2016). Speeding and fatigue were primary concerns regarding participant inattention (Jones et al., 2015) given that
the survey took individuals 25.8 min on average to complete and monetary compensation was received only after
completion.
Two straightforward questions were asked to eliminate
inattentive individuals. A speeding question was placed at
the beginning of the survey, which asked participants to
select a specific risk as either “Least Likely” (for the likelihood survey) or “Least Costly” (for the cost survey). The
fatigue question asked participants near the end of the survey to select the risk as “Least Important” on the best–
worst question. Individuals who failed either one or both
questions were removed from the set of responses used for
analysis. Five hundred individuals (500/2065 = 24% of the
sample) failed one or both questions5 . A similar number
of individuals failed the inattention questions in the cost
(N = 243) or likelihood surveys (N = 247).

4

EMPIRICAL MODELS

Random utility theory is the empirical behavioral framework most commonly used to analyze BWS survey data
(Davis et al., 2016) and was adopted by the study based
on the conceptual model presented in Section 2. To cap-

ture the relative importance consumers placed on the
selected risks, we applied both a mixed logit model (parametric) and best-worst scaling approach (nonparametric)
to examine the risk rankings (orderings) and estimate the
measures of the perceived likelihood of occurrence and
cost.

4.1

Mixed logit model

In analyzing consumers’ risk perceptions, it is important
to employ methods that account for individual heterogeneity (Siegrist et al., 2005). Demographic background
and/or previous risk encounters may shape individual risk
assessments and perceptions, which may lead to differences in the risk levels perceived by individuals (Barrena
& Sanchez, 2010; Sjöberg & Wåhlberg, 2002). Our original intention was to capture heterogeneity through random coefficients and scale parameters using a generalized
mixed multinomial (G-MNL) model (Fiebig et al., 2010)
by letting one attribute have a large idiosyncratic component on its preference weight. After estimating the GMNL model, no scaling factors were statistically significant, implying that the complexity of the G-MNL could
be reduced to a random parameter or mixed logit model
(MIXL). We thus opted to estimate a MIXL model and
use the G-MNL as a robustness check on our parametric approach.6 The MIXL model accounts for consumer
heterogeneity by allowing model parameters to vary randomly across individuals (Boxall & Adamowicz, 2002;
Train, 1998). The remainder of this subsection presents the
MIXL model using a random utility framework that builds
on the conceptual model.
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We conducted analyses for each survey type to examine the perceived likelihood and cost of each risk outcome
(choice) examined in the study. To do so, assume that consumer 𝑛’s expected utility function for risk outcome 𝑖 =
1, … , 𝐽 is given by
′

𝐸
𝑈𝑛𝑖
(𝑅𝑛𝑖 (𝑿𝑛𝑖 )) = 𝑉𝑛𝑖 (𝑅𝑛𝑖 (𝑿𝑛𝑖 )) + 𝜀𝑛𝑖 = 𝜷𝑛 𝑿𝑛𝑖 + 𝜀𝑛𝑖
(3)
where 𝑉𝑛𝑖 (.) is the systematic or observable component
of the expected utility for individual n and is modeled
using a MIXL specification. The term 𝜀𝑛𝑖 is the nonsystematic or unobservable (stochastic) component of expected
utility for individual n and is assumed to be mean zero.7
The vector 𝜷𝑛 is a vector of control weights a consumer
associates with a specific risk outcome attribute, which is
assumed to vary randomly across the population to capture
individual-level heterogeneity. Each element of the vector
𝜷𝑛 = (𝛽1,𝑛 , … , 𝛽𝑘,𝑛 , … , 𝛽𝐾,𝑛 ) is assumed to be normally distributed with the population mean 𝛽𝑘 and standard deviation 𝜎𝑘 for each risk attribute k = 1,. . . , K (Erdem & Rigby,
2013).
We assume that each element of the random vector 𝜺n =
(εn1 , … , εnJ ) is independent and identically distributed
type 1 extreme value. Assuming that a set of risk outcomes
(choices) set has 𝐽 alternatives, there are then 𝐽(𝐽 − 1) − 1
most–least combinations that a respondent could choose
from. The simulated choice probability that 𝑖 is chosen as
“best” and 𝑗 is chosen as the “worst” in the BWS framework choice set 𝑡 = (1, 2, . . ., 𝑇) for individual n can be
specified as

)
(
exp 𝑽𝒏𝒊,𝒕 − 𝑽𝒏𝒋,𝒕
𝑷𝒊𝒋 = ∑𝑱
)
(
∑𝑱
𝒌=1
𝒍 = 1 𝒆𝒙𝒑 𝑽𝒏𝒌,𝒕 − 𝑽𝒏𝒍,𝒕 − 𝑱

(4)

Where 𝑃𝑖𝑗 is the probability of choosing i as “best” and
j as ”worst.” Estimation of the MIXL model is done following Erdem and Rigby (2013) using simulated maximum likelihood with 1,000 Halton draws. Estimations are
completed using the RPLOGIT command in NLOGIT 6
(Greene, 2012). Model estimation was carried out for each
survey type: perceived likelihood and perceived cost.
For each risk 𝑖 and survey type 𝑠, we estimate a “share
of preference”8 (SOP) to examine the perceived likelihood
and cost for each risk. This measure avoids potential problems with scale and allows for a contemporaneous presentation of results across models and methods (Lusk &
Briggeman, 2009). For the parametric method, the SOP for
risk i = 1,. . . , J is estimated as
𝒔
𝑺𝑶𝑷𝒊

( )
exp 𝜷̂𝒊𝒔
= ∑𝑱
( 𝒔 ) × 100
𝒆𝒙𝒑
𝜷̂𝒌
𝒌=1

where 𝑠 = {cost, likelihood} and 𝛽̂𝑖𝑠 are the corresponding estimated coefficients for risk outcome i from Equation
(3).9 The SOP is a ratio scale that represents the relative
importance a consumer places on one risk over another
when comparing risks. It sums up to 100% across all risks.
The SOP values indicate the probability that an individual will choose a risk outcome as the most costly or likely
among a set of outcomes. The SOP of each risk outcome
𝑖 can be compared within (𝐽 = 8) or between (𝐽 = 16)
food and non-food risks. In this study, the maximum value
of SOP for a specific risk is 100, whereas the minimum
value is 0.

4.2

Best–worst scaling

One disadvantage of using a parametric approach when
estimating data from a BWS is the distributional assumption of the random component and the potential difficulty
of estimation. An alternative nonparametric method that
has been proposed to overcome these disadvantages is the
best–worst scaling (which we refer to as most–least scaling in our survey), which generates risk probabilities (RP;
see Cohen, 2009). Best-worst scaling (BWS) allows us to
nonparametrically identify how frequently a risk item is
chosen as most likely or most costly (best) and also as the
least likely or least costly (worst). The BWS is estimated by
subtracting the number of times a risk item is chosen as
the most likely from the number of times it is chosen as
the least likely. We standardize each best–worst score10 for
ease of risk–outcome comparison. For each consumer 𝑛 in
survey type 𝑠, the number of times risk 𝑖 is selected as the
most costly/likely (Msi ) is divided by the number of times
risk outcome 𝑖 is selected as the least costly/likely (Lsi ) to
obtain
√
𝑹𝑷𝒔𝒊

=

𝑴𝒊𝒔

(6)

𝑳𝒔𝒊

Measures of Risk Importance and Risk Value We extend
the BWS approach to generate what we call a measure
of “risk importance” (RI) for a particular risk. RI can be
directly interpreted as the importance of each risk item to
an individual, which enables a direct comparison between
risks. To compare nonparametric and parametric results,
we convert consumer 𝑛’s most–least score for each risk 𝑖 to
a ratio to avoid scaling issues (Cohen, 2009). The RI of each
risk outcome 𝑖 relative to other risk outcomes is obtained
using the ratio-scaled risk probabilities. Thus, the RI of
each risk is given by

(5)
𝑅𝐼𝑖𝑠 = ∑𝐽

𝑅𝑃𝑖𝑠

𝑠
𝑘 = 1 𝑅𝑃𝑘

× 100

(7)
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where the risk outcome 𝑖 = 1, 2, … , 𝐽 for survey type
𝑠 = cost, likelihood. The RI of each risk outcome 𝑖 can be
compared both within (𝐽 = 8) and between (𝐽 = 16) food
and non-food risks. The RI is similar to the SOP generated
from the MIXL. Each risk can have a maximum value of
100 and a minimum value of 0.
We further assess the importance of each risk by combining the likelihood of occurrence and the potential cost,
which we term the “risk value” (RV) for risk outcome i.
To obtain the RV(the combination of perceived cost and
probability) of each risky outcome, we generate a formula
that combines the best-worst scores from the cost and likelihood surveys. The choice probabilities from each survey
type 𝑠 are combined to generate the risk value 𝑅𝑉𝑖 :
√
𝑅𝑉𝑖 =

𝑀𝑖𝑐 𝑀𝑖𝑙
𝐿𝑖𝑐 𝐿𝑖𝑙

∑𝐽
𝑘=1

√

(8)

𝑀𝑘𝑐 𝑀𝑘𝑙
𝐿𝑘𝑐 𝐿𝑘𝑙

where c represents the cost and l represents the likelihood.
The risk value denotes the relative value of each risk outcome compared to other risk outcomes. It is simply the
product of the likelihood of the risk occurrence and the
expected cost of the risk. This value captures the expected
degree of concern an individual has about a risky outcome.
A risk outcome may have a high probability of occurrence
but a low cost, whereas others may have a low probability
of occurrence but a high cost. This measure considers both
the perceived likelihood and cost associated with each risk,
arriving at a scaled measure for a perceived risk valuation
of different risk outcomes.

5

RESULTS

The relative importance of the selected food and non-food
risks was evaluated through stated preferences. Relative
importance was measured by estimating both a parametric (MIXL) and nonparametric (BWS) model to analyze the
best–worst choice experimental survey data to arrive at risk
rankings (orderings) and perceived measures for the likelihood, cost, and valuation of the risk outcomes considered.

5.1

Parametric estimates

The estimates from the G-MNL model (Table A1 in the
online appendix) are statistically similar to the MIXL estimates (Table 3). Likelihood ratio tests conclude that the
MIXL explained the choice behavior more parsimoniously
than the MNL did for both the cost and likelihood mod-

els, with likelihood ratio tests of 2633 and 3065, respectively
2
= 25). Table 3 provides the MIXL estimates11 of
( 𝜒0.05,15
consumer perceptions of food and non-food risk outcomes
in terms of likelihood and cost. All risks were evaluated
as a base case risk for estimation purposes (botulism in
our case).12 Auto accidents, fire at home, and identity theft
were perceived to be costlier than botulism (β > 0). By contrast, E. coli, germs, Salmonella, antibiotic residues, food
allergies, genetically modified organism (GMO), preservatives, lost phones, lead poisoning, mental illness, and toxic
air pollution were perceived as less costly than botulism
(β < 0). Estimates from the likelihood model are interpreted similarly to the cost model. For instance, all risk
outcomes were perceived to be more likely than botulism,
except for fire at home, diabetes, lead poisoning, mental
illness, and toxic air pollution.
The standard deviation (𝜎𝑖 ) parameters are all statistically significantly different from zero (P < .05) in the cost
and likelihood model, except for Salmonella in the likelihood model. These results indicate heterogeneity in the
perceptions of likelihood and cost across respondents. The
degree of variation is higher for some risks than for others. For instance, germs, auto accidents, identity theft, lost
phones, diabetes, and mental illness have standard deviations (𝜎𝑖 ) greater than 1.0 in both the cost and likelihood
models. House fires in the cost model and toxic air pollution in the likelihood model are also greater than one.
Respondent perceptions differ across the sample, suggesting that individual assessments and perceptions of risks are
likely context-dependent (Bontempo et al., 1997).
Table 4 displays the SOP for perceived cost, likelihood,
and value both within and between food and non-food
risks estimated using the MIXL parametric approach.
Columns labeled “within” provide the SOP for food and
non-food risks separately. Columns labeled “between” provide the SOP for food and non-food risks jointly. The use
of preference shares enables a comparison between risk
outcomes and a determination of their relative strengths.
For example, within perceived food risk costs, E. coli was
perceived to be about six times more costly than antibiotic
residue (30.65/5.34 = 5.74). On average, immediate food
risks were perceived as costlier and assigned a higher perceived risk value than were long-term food risks. Likewise, comparisons between food and non-food risks can
be conducted. Non-food risks were generally perceived as
costlier than food risks, with a few exceptions. The three
events perceived as the most costly among the risk outcomes assessed were fire at home (28.40), auto accidents
(16.40), and identity theft (17.23).
Summing the SOP within a subcategory indicates how
often a given risk outcome was chosen as the most probable or costly. About 96% of participants perceived immediate food risks as costlier and 59% more likely to occur
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Mixed logit model parameter estimates

Risk

Cost

Likelihood

Mean Parameter (𝛽𝑘 )
E. coli

−0.129*

(0.070)a

0.652***

(0.068)

Germs

−3.254***

(0.100)

2.751***

(0.106)

Salmonella

***

−0.564

(0.070)

0.645

***

(0.066)

Antibiotic residue

−1.877***

(0.074)

0.878***

(0.069)

Food allergy

−2.299

***

(0.078)

0.225

***

(0.071)

GMO

−2.471***

(0.085)

0.811***

(0.076)

(0.089)

1.968

***

(0.082)

(0.074)

0.488***

(0.072)

(0.088)

***

(0.072)

(0.082)

0.306***

(0.071)

(0.083)

***

0.505

(0.083)

(0.082)

−0.430***

(0.080)

Lead poisoning

***

−0.274

(0.069)

−1.233

***

(0.066)

Mental illness

−0.313***

(0.083)

−0.802***

(0.084)

***

(0.071)

***

(0.068)

0.537***

(0.114)

0.748***

(0.046)

***

(0.110)

1.393***

(0.070)

(0.111)

0.765

***

(0.060)

(0.088)

0.635***

(0.072)

Food allergy

***

0.882

(0.086)

***

0.932

(0.051)

GMO

1.512***

(0.091)

0.956***

(0.045)

Preservatives

***

1.482

(0.101)

***

0.551

(0.063)

Auto accident

0.974***

(0.081)

1.157***

(0.053)

Preservatives
Auto accident

***

−3.152

0.134*
***

Fire at home

0.683

Identity theft

0.183**
***

Phone lost

−1.983

Diabetes

−0.148*

Toxic air pollution

−1.860

−0.609

−0.242

Standard Deviation (𝜎𝑘 )
E. coli
Germs

***

Salmonella

0.456

Antibiotic residue

0.631***

Fire at home

1.680

***

(0.100)

0.830

***

Identity theft

1.382***

(0.056)

(0.080)

1.087***

(0.050)

Phone lost

***

1.422

(0.081)

1.466

***

(0.049)

Diabetes

1.367***

(0.085)

1.464***

(0.058)

Lead poisoning

***

0.462

(0.097)

0.419

***

(0.057)

Mental illness

1.531***

(0.087)

1.834***

(0.071)

(0.132)

***

(0.051)

Toxic air pollution

a

1.919

0.289

**

1.005

N choices

12,512

12,672

N people

782

792

LLF

−14,555.70

−16,126.62

AIC

29,171.40

32,313.20

Pseudo R2

0.28

0.21

Numbers in parentheses are standard errors.
indicate significance at the .01, .05, and .10 confidence levels, respectively.

***, **, *

than long-term risky food events. Combining perceived
cost and likelihood, immediate food risks were expected
to have greater risk value than long-term risks for 89% of
survey respondents. Germs, food preservatives, and antibiotic residue in food were perceived as most likely to occur,
whereas germs, preservatives, and GMOs were perceived
as the least costly food risks.

On average, immediate non-food risk outcomes were
perceived to be more likely and costly and were assigned
higher expected risk values than were longer-term nonfood risk outcomes. About 69% (70%) of participants indicated that immediate non-food risk outcomes were costlier
(more likely) than long-term non-food risks. Nearly 82% of
participants selected an immediate non-food risk as having
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Parametric (mixed logit estimates) share of preferences for risk likelihood, cost, and value
Between

Cost
Within

Between

Value
Within

Between

2.98 (8)*

2.44 (11)

34.89 (1)

10.17 (4)

18.64 (3)

8.77 (6)

E. coli

5.72 (5)

4.69 (5)

30.65 (2)

8.93 (5)

31.43 (1)

14.79 (2)

Food allergy

3.73 (7)

3.06 (10)

3.50 (5)

1.02 (13)

2.34 (8)

Risk

Likelihood
Within

Food
Immediate
Botulism

1.10 (15)

Germs

46.68 (1)

38.29 (1)

1.35 (8)

0.39 (16)

11.28 (4)

5.31 (7)

Salmonella

5.68 (6)

4.66 (6)

19.83 (3)

5.78 (9)

20.20 (2)

9.51 (4)

7.17 (3)

5.88 (3)

5.34 (4)

1.56 (11)

6.86 (5)

3.23 (9)

Long-term
Antibiotic residue
GMO

6.70 (4)

5.50 (4)

2.95 (6)

0.86 (14)

3.54 (7)

1.67 (14)

Preservatives

21.34 (2)

17.50 (2)

1.48 (7)

.43 (15)

5.71 (6)

2.69 (11)

Auto accident

22.12 (2)

3.98 (8)

16.40 (3)

11.62 (3)

30.89 (1)

16.34 (1)

Fire at home

7.39 (6)

1.33 (14)

28.40 (1)

20.12 (1)

17.85 (3)

9.45 (5)

Identity theft

18.44 (3)

3.32 (9)

17.23 (2)

12.21 (2)

27.05 (2)

14.31 (3)

Phone lost

22.51 (1)

4.05 (7)

1.97 (8)

1.40 (12)

3.78 (6)

2.00 (12)

Diabetes

8.84 (5)

1.59 (13)

12.37 (4)

8.76 (6)

9.30 (4)

4.92 (8)

Lead poisoning

3.96 (8)

0.71 (16)

10.91 (5)

7.73 (7)

3.67 (7)

1.94 (13)

Mental illness

6.09 (7)

1.10 (15)

10.49 (6)

7.43 (8)

5.43 (5)

2.88 (10)

Toxic air pollution

10.65 (4)

1.92 (12)

2.23 (7)

1.58 (10)

2.02 (8)

1.07 (16)

Non-food
Immediate

Long-term

Notes: Numbers in parentheses are the ranks of the respective risks both within and between risk categories and/or lengths of impact. .

a higher expected risk value relative to longer-term nonfood risks. Car accidents, losing a cellphone, and identity
theft was perceived as the most probable, whereas toxic air
pollution and losing a cell phone were perceived as the
least costly non-food risks. Based on the scaled value of
relative risk, E. coli was considered to have higher importance (i.e., risk value) than any other food risk item considered (14.79%). Botulism had the next highest value among
food risks and was the sixth-ranked risk outcome overall,
at 8.77%. Salmonella had high relative importance (i.e., risk
value), ranking second in the food category at 9.51%. In the
non-food category, auto accidents had the highest relative
value, at 16.34%, which makes it the most important risk
outcome for respondents.
Participant perceptions of the cost and likelihood of
incidents associated with policy-relevant food and nonfood risks provide interesting results. Contested food risks
include antibiotic residues, GMOs, and food preservatives. Consumers agreed that these food risks are likely
to occur, but they were not perceived as costly. This helps
explain why some consumers may have been slow to consume and pay more for non-GMO (Bernard et al., 2006),
antibiotic-free (Van Loo et al., 2011), antioxidants (Zaikin

& McCluskey, 2013), and organic food (Lin et al., 2008).
Similar findings are observed for policy-relevant air pollution and lead poisoning non-food risks. Participants who
perceived lower private costs for lead poisoning and toxic
air pollution gave the likelihood of air pollution a midranking among non-food risks and ranked lead poisoning last among the eight non-food risks. Current policies
aimed at reducing the likelihood of lead poisoning or toxic
air pollution may be more effective if the public were
informed of the costs associated with such non-food risks.
Our analysis suggests that the parametric method, based
on a conceptual framework, can provide a relative ranking
(ordering) of risk outcomes that can be useful for policymakers and industry decision-makers.

5.2

Best-worst scaling

The standardized best-worst scores for the risk outcomes
considered are plotted in Figure 2, which we categorize
into one of three perceived likelihood–cost quadrant combination risk categories: low, moderate, or high. Combined
risks were classified as high (low) if both the likelihood
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FIGURE 2
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Most–least score risk quadrant [Color figure can be viewed at wileyonlinelibrary.com]

and perceived cost of the risky event were positive (negative). Moderate risks have opposite likelihood and perceived cost BSW signs.13 Antibiotics, germs, food allergy,
GMO, preservatives, phone loss, and air pollution have
negative BSW measures in the cost model, implying that
these were more frequently selected as being least costly
relative to the remaining risks.
Considering the relative risk rankings for the likelihood
of occurrence (see Table A2 in the online appendix), six out
of the eight food risks (all except botulism and food allergy)
were perceived as more likely to occur (i.e. have a positive likelihood BWS)14 than the non-food risks (except auto
accidents and lost phones). Auto accidents, E. coli, and
Salmonella were perceived to have high combined likelihood and cost risks, implying that these were the most
important risk values and choices among the set. Air pollution and food allergies were perceived to be less likely and
less costly, implying lower risk values. The remaining risks
were considered moderate: Participants viewed the risks as
being either not likely but costly (lead poisoning, mental
illness, diabetes, botulism, identity theft, and house fires)

or likely but not costly (germs, preservatives, GMO, antibiotic residue, and lost phones).

5.3
Comparing parametric and
non-parametric methods
We employed Mann–Whitney two-sample statistics (Mann
& Whitney, 1947; Wilcoxon, 1945), a nonparametric
approach, to test the statistical significance among the differences in risk rankings. The preference shares generated
from the MIXL estimates (see Table 4) were similar in ranking to those of the nonparametric approach (see Table A2
in the online appendix). This implies that the parametric and non-parametric approaches resulted in similar risk
rankings. For instance, the Mann–Whitney two-sample
statistics showed no difference in the likelihood ranking of
auto accidents and lost phones. No significant differences
were observed between the cost ranking of lead poisoning and mental illness. Likewise, there was no significant
difference between the ranked cost of auto accidents and

12

identity theft. The obvious similarity between the rankings indicated that using the nonparametric approach of
BWS generated results similar to those produced by the
parametric approach. This similarity indicated the robustness of the main results and lends credence to nonparametric approaches, which do not require a functional form
assumption generally needed in parametric approaches.

5.4
Comparing perceived and actual
risk occurrence
Another contribution of our study is its direct comparison of risk perceptions to actual risk occurrences (see
Figure 3). Comparing actual to perceived risks is necessary because subjective risk is a major component of risk
assessment (Slovic et al., 1980). Viscusi (1985) noted that,
depending on the context, either inadequate or excessive
attention may be given to risks. Inaccurate attention may
lead to a risk being overassessed or ignored. Studies have
compared perceived risks to actual risks using objective
data on risk occurrence, mostly in the fields of psychology and medical research (Leventhal et al., 1999; MacKellar
et al., 2007; Weinstein, 1984). We broaden this approach in
economics by comparing perceptions of food and non-food
risk against actuarial data.
We compared perceived and actual risks by collecting
actuarial data on risk probability and cost for selected food
and non-food risks. Several of the risks lacked reliable
probability and/or cost estimates. Of the 16 food and nonfood risks, four food and four non-food risk probability and
cost estimates were available from reliable published data
sources. We compared perceptions and actual event outcomes for these eight risks in terms of cost, likelihood, and
value. The value of each risk was determined by multiplying the percentage of people in the United States who
encounter this risk annually by the cost per person for each
risk occurrence. The sources, actuarial data, and calculated
values are provided in Table A3 in the online appendix.
Figure 3 displays the relative rankings using actual risk
data and the parametric approach across cost, likelihood,
and value for the four food and four non-food risks. As
the parametric and nonparametric methods yielded similar rankings on average, we compared the actual risk to the
parametric results. The top chart in Figure 3 displays the
likelihood of each event. On average, respondents believed
the risks they faced concerning E. coli, Salmonella, house
fire, lost phone, lead poisoning, and auto accidents were
greater than their actual risks. Food allergies and identity theft occur more often than respondents perceived.
The middle panel in Figure 3 displays the cost of the eight
selected risks. Participants perceived the relative cost of
lead poisoning to be lower than its actual cost. Actual and
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perceived costs were similar for E. coli, Salmonella, food
allergies, and lost phones. The remaining risks—house
fires, auto accidents, and identify theft—were perceived as
costlier than they typically are.
The bottom panel of Figure 3 summarizes the upper two
panels by multiplying the likelihood and cost for each risk
to obtain the risk value. Participants perceived food allergies and identity theft to have a lower value impact than
the data suggest they have. The actual and perceived values
of losing a cell phone and lead poisoning have similar values. By contrast, E. coli, Salmonella, house fires, and auto
accidents have expected risk impacts that are lower than
what consumers perceive. How much higher or lower consumers perceived the value impact of two different risks
can be readily assessed using the results discussed earlier.
For example, identity theft was perceived to have a higher
risk value than E. coli (25% vs 16% of the share of preferences). Thus, it was valued about 55% more highly than E.
coli.15
National food safety efforts have centered on the awareness and prevention of E. coli and Salmonella. Consumers
perceived that the occurrence of these risks would be costly
and that such events are likely to occur. They also viewed
these risks as having a relatively high expected value. This
may help explain why, in the short run, consumers avoid
purchasing products that have recently been subject to E.
coli or Salmonella recalls (e.g., Bakhtavoryan et al., 2014).
Insurance is one method consumers use to mitigate
risk. Examining the responses to risks in this study may
help identify the information people use when deciding
whether to purchase insurance. The differences between
the perceptions of a house fire and losing a cell phone
reveal the differences in people’s motivations for obtaining
insurance. Consumers perceive house fires to be costly but
unlikely to occur, whereas losing a cell phone is seen as less
costly but more likely to occur (see Figure 3). Thus, insurance marketing has emphasized the relative cost or likelihood of a certain risk or both. It is important to note that
the differences in individual valuations of risks compared
to actual risk occurrence/cost data might be affected by
loss-aversion behavior, which we do not explicitly model.
Our comparison of the estimated model results to actual
data also shows the need to further develop and adopt economic models of risk that go beyond the basic expected
utility model. This study’s conceptual framework assumed
that risk was subjective and relative to other risks. This
assumption was supported by the model estimations and
comparison with actual data. Thus, the perceived (or subjective) likelihood and costs of risks may differ significantly from actual risk occurrence and cost. This indicates the need to consider extended models of expected
utility that incorporate subjective probability (likelihood)
assessments, such as via integration with prospect theory
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F I G U R E 3 Comparing parametric (Estimated share of preferences) and actual share of preferences for food and non-food likelihood,
cost, and value. Note: The blue bars represent the standard error. The parametric bars for “cost” and “likelihood” are plotted using the average
individual estimates. We could not obtain standard errors for the actual occurrences and the parametric risk values because they are
dependent upon one data point [Color figure can be viewed at wileyonlinelibrary.com]
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or rank-dependent utility (Bleichrodt et al., 2001; Diecidue
& Wakker, 2001).

6

CONCLUSIONS

This study sought to determine how consumers perceive,
weight, rank, and value food and non-food risks. Consumers’ perceptions of risk likelihood, cost, and value were
compared to actuarial risk data to identify similarities and
differences. We accomplished these objectives by eliciting
consumer perceptions of the expected costs and likelihood
of eight food and eight non-food risks, both immediate and
long-term, using a best-worst scaling survey.
We compared the relative values consumers place on
food and nonfood risks. One relative value metric can be
obtained using the product of the cost and likelihood of
each risk weight (Aven, 2016). Since the weights for all
risks are relative, this method derives a relative (rather
than absolute) risk value which is consistent across both
parametric and non-parametric methods.
Our main findings are as follows: (i) Immediate food
risks are perceived as costlier but less likely than longerterm food risks, with immediate food risks having the highest expected risk value (or risk importance), (ii) immediate non-food risks are perceived as being more likely
and costly and are given higher expected risk values than
longer-term non-food risks, (iii) parametric and nonparametric methods produce similar relative risk rankings and
values, and (iv) risk cost and likelihood perceptions generally do not align well with historical risk cost and occurrence data. Our examination of individual risks revealed
why consumers make certain insurance decisions and substitute specific food items for others during food safety
recalls.
Our study suggests that it is not sufficient to focus on
how susceptible consumers think they are to a given risk
or on the likely cost of a risk/food safety issue. Instead,
an accurate measure of the importance of the risk can
be considered by combining perceived susceptibility and
expected cost to the consumer, such as the expected risk
value measure developed in this study. The relative ranking and importance weights provide insight into how information and publicity concerning alternative risks might
influence individual risk perceptions. These perceptions
can lead to an inaccurate expected valuation of risk, which
in turn can affect consumers’ purchasing behavior and risk
avoidance.
Public knowledge about risks can play an important role
in how individuals rank them (Kirk et al., 2002; Swinnen et al., 2005). Lack of adequate risk information can
increase the differences between perceived and actual risk
occurrence. For instance, the lack of adequate informa-

tion on and the rare occurrence of foodborne botulism may
impact consumer perceptions about its risk. Highly publicized food recalls attributed to E. coli and Salmonella outbreaks heighten consumer awareness of the dangers posed
by these risks. Though publicity may contribute to an overreaction to some risks, a lack of publicity regarding other
risky events can lead to the opposite situation. We recognize that it may have been difficult for the respondents
to assign a probability weight or expected cost to some
of the risks discussed in this study, which could impact
the results. Future research should seek to determine how
respondent knowledge and exposure to information influence risk perceptions.
Understanding consumer perceptions of the likelihood
and costs of food and non-food risks is important for food
retailers and policymakers seeking to provide safe food
and consumer quality assurance information. An accurate
understanding of how consumers perceive selected food
risks could assist in creating alternative marketing strategies, promotions, communications, and logistics (Mazzocchi et al., 2008; Unnevehr, 2000; Yeung & Morris, 2001). For
instance, E. coli and Salmonella are the two most prominent perceived risks in the food industry. As consumers
place a higher risk value on these risks, we expect food
handlers to place a high priority on mitigating these risks.
Consumers have manifested this value through a willingness to pay for improved food safety standards, through
both safety information and regulation (Angulo & Gil,
2007; Tonsor et al., 2009a; Wongprawmas & Canavari,
2017; McFadden & Huffman, 2017; Taylor & Tonsor, 2013;
Alphonce et al., 2014). A better understanding of consumer
behavior and risk perception can help provide more effective risk-management strategies for both private and public
enterprises.
NOTES
1

2

3
4

There are three cases in BWS: the classic object case, the profile,
and the multiple profile (Flynn and Marley, 2014). The object case
type requires a list of items from which respondents will choose.
The object case allows us to measure each item on an underlying
latent subjective scale. For example, if a respondent picks item A
over item B, this indicates that item A is preferred to item B.
In designing this survey, we followed past studies that have used
the BWS approach. Other methods include using rankings and
the stated choice approach, wherein respondents choose a single
option from a set.
Now referred to as “Dynata” (https://www.dynata.com/).
The cheap talk stated the following:
You will now be presented with a series of questions and asked
to select the risk which you feel is the most or least costly/likely in
your life. For example, if you were asked to select the risk that was
the most/least likely to happen between (1) catching a cold or (2) getting in a plane crash, one option would be to select getting a cold as
most likely to happen in my life and getting in a plane crash as least
likely to happen in my life. Please answer the following questions as
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5

6

7

8

9
10

15

honestly as possible and in a manner that you think would reflect
your true perception of each risk.
Each respondent was presented with eight choice sets, each containing five risks, and was asked to select the risk that was
the most/least costly or likely. In the third choice set, one risk
was replaced with the phrase “choose this one as the least
costly/likely.” Respondents who failed to select this option as the
least costly/likely were classified as speeders and were excluded
from analysis. Toward the end of the survey, we asked a similar
question to measure fatigue. Respondents who failed that question
were excluded from analysis. Both questions allowed us to detect
respondent inattention, which has been shown to bias results.
Full results for the specification and estimation of the G-MNL
model can be found in the supplementary appendix.
Assumptions about individuals, alternatives, and εni give rise to
alternative discrete choice models. For example, the MNL model
assumes that all individuals place the same level of importance
on each food and non-food risk. However, individuals perceive
risks differently (Schroeder et al., 2007), including in the case of
food and non-food risks. Mixed logit and latent class (LCM) models are two common methods used to incorporate heterogeneity
into choice models. The MIXL assumes that heterogeneity occurs
randomly across either individuals or risks (Boxall and Adamowicz, 2002; Train, 1998), whereas the LCM assumes that there are
groups of individuals that tend to be more defined than random
(Fiebig et al., 2010).
The SOP allows a pairwise comparison of the relative importance
placed on each risk.
The SOP for each risk i’s value is calculated as SOPvi =

k=1

Most − Least Score
=

Most − Least

Number of respondents × Number of time risk appears per choice set
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12

13

14
15

exp
∑J

l
(β̂ c + β̂ i )
i

exp

(β̂ c +β̂ l )
j
j

.

⟨∕𝐸𝑁𝐷⟩

Table A1 (see supplemental appendix) provides the G-MNL
estimates of consumer perceptions of the likelihood and. cost
of food and non-food risks for both the parametric methods
considered.
Botulism falls in the middle if we rank the risks according to the
number of times they were selected (on both likelihood and cost)
as either “least” or “most.”
The severity and importance of a risk to an individual are determined by combining the perceived likelihood of occurrence and
the perceived cost of the risk to the individual.
In the MLS, the risks with a negative score were chosen as the
“least likely” to occur more often than they were chosen as the
“most likely” to occur.
(25 – 16)/16 = 0.55.
(25 – 16)/16 = 0.55.
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